Crop productivity needs to substantially increase to meet global food and feed demand for a rapidly growing world population. Agricultural technology developers are pursuing a variety of approaches based on both traditional technologies such as genetic improvement, pest control and mechanization as well as new technologies such as genomics, gene manipulation and environmental modelling to develop crops that are capable of meeting growing demand. Photosynthesis is a key biochemical process that, many suggest, is not yet optimized for industrial agriculture or the modern global environment. We are interested in identifying control points in maize photoassimilation that are amenable to gene manipulation to improve overall productivity. Our approach encompasses: developing and using novel gene discovery techniques, translating our discoveries into traits and evaluating each trait in a stepwise manner that reflects a modern production environment. Our aim is to provide step change advancement in overall crop productivity and deliver this new technology into the hands of growers.
Background
To meet projected demand for food, fibre and energy, crop productivity needs to continue on an upward trajectory. The world population is expected to reach 9 billion by 2050 which will require food production to nearly double to maintain today's standards. Current trends suggest that productivity improvements for the world's four major crops will fall well short of this goal [1] . Agricultural producers draw on a multitude of technologies to ensure efficient, sustainable, stable and high-quality crop production. Genetics has been the foundation of crop improvement since the dawn of agriculture. New genome technologies have transformed genetics into an information-rich (driven) discipline.
Photosynthesis is a viable plant productivity improvement target [2] [3] [4] [5] . Since its discovery [6] , C 4 photosynthesis has become widely recognized as an effective photosynthetic mechanism for hot, dry climates, increasing both nitrogen and water use efficiency [7] . The desire to transfer the C mechanism to less efficient C 3 crops such as rice [8, 9] brought new attention and funding to C 4 research. This has produced new tools to support C 4 photosynthesis research including development of model species to investigate genetics [10] , and tools to support genome-wide analysis of the underlying biology [11] . Several comparative studies are underway to determine requirements to introduce C 4 metabolism into C 3 crops [12, 13] .
This renewed interest in C 4 metabolism has led to advances in genomics [14] [15] [16] [17] and metabolomics [18] that have expanded the C 4 network. For example, it is now understood that crops such as maize belong to an NADP-malic enzyme (NADP-ME) type, with two CO 2 pumps to facilitate CO 2 concentration around Rubisco in different environments [19, 20] . The properties of enzymes involved in C 4 metabolism are being characterized in detail [21] [22] [23] [24] . Investigators are also examining the role of transport processes between the mesophyll and bundle sheath [25] , regulation of C 4 metabolism [18] and photoprotection [26, 27] . Computer modelling is also advancing knowledge of C 4 metabolism [28, 29] . At the turn of the millennium, there was sufficient knowledge to construct a fairly accurate mathematical model of the NADP-ME C 4 process [30] . This model was recently updated [17] . All this activity has greatly improved the understanding of C 4 metabolism.
Genetic engineering (GM) technology proved transformative, becoming the most rapidly adopted crop improvement technology in history [31] . Its principal applications are in insect and weed control. Goals that target intrinsic biological processes have been less accessible to manipulation by GM technology. However, some promising advancements have emerged [32] [33] [34] . GM technology is most effective when metabolic control points [35] are targeted. These are enzymes or regulatory factors that significantly influence the biological process of interest. They are notoriously difficult to identify [36] . The agricultural biotechnology discovery process aims to efficiently and effectively identify candidate genes, or leads, that fit this definition. Tools developed for this include a variety of genetic approaches such as TILLING, transposon tagging and forward or reverse gene tagging [37, 38] . Each has proved effective in a number of plant species but can be expensive, and perhaps intractable, when targeting a complex metabolic process like C 4 photosynthesis, because there are few robust methods to measure photosynthetic traits. Now many organizations are turning to computational tools as entry points for lead discovery [39, 40] .
Genomics makes it possible to execute information-driven lead discovery strategies [41] . Not all crops are accessible to this approach, because the ideal starting point is a high-quality genome sequence. A genome sequence enables layers of genetic information, such as gene annotation, RNA transcripts, protein-coding sequence, metabolites, genetic markers and chromatin data, to then be applied across the genome. Several genome-wide analytical tools have been developed to interrogate these data including genome-wide association analysis, gene regulatory networks and mathematical modelling of metabolic pathways. These tools make it possible to identify genes that are less accessible to genetic screens [42, 43] . For example, a genetic lesion may not express at the physiological level but might be easily detected at the gene level. These tools have also been applied to metabolic processes [44] .
This work aims to identify genes predicted to improve C 4 photosynthesis using GM technology, and which represent leads for trait development. It began with a mathematical model of the NADP-ME-type C 4 biochemical network [30] that could be interrogated for enzymes predicted to exert significant control over photoassimilation. To expand this effort, a maize gene regulatory network was constructed to identify genes predicted to regulate C 4 metabolism. More recently, genome-wide association tools became available as the primary and secondary lead sources. As computational tools are at least one step removed from direct plant observation, data quality and accuracy need to be assessed using independent evidence. The objective is to compare the weight of evidence for each lead identified by a computational process. This prioritizes leads for GM trait development, and can also form the basis for breeding or genome-editing strategies. We focused on maize applications and developed strategies to identify leads that might be amenable to GM manipulation. While each area defined a focal point, none were pursued in isolation.
High-quality leads were defined as those with support from multiple types of evidence. Information-driven lead identification for the purpose of directly enhancing crop performance mechanisms is a relatively new and unproven approach. The purpose of this report is to illustrate the application of modern computational tools such as genome-wide association studies (GWAS), gene regulatory network analysis and mathematical modelling to prioritize candidate leads for manipulation through genetic modification. A prioritized set of leads can then be evaluated in an industrial trait development pipeline for increased field performance.
Genome-wide association analysis
As a first step to identify leads of importance to photosynthetic improvement, we took advantage of a dataset generated previously that evaluated a range of maize germplasms for dry grind ethanol production. Several traits described in electronic supplementary material, table S1 are key attributes for maize starch as an ethanol substrate that overlap with plant yield characteristics and have potential as a proxy for productivity or yield. Starch represents approximately 70% of grain weight, and as such is considered a yield characteristic for both ethanol production and overall plant performance. More importantly, it was an excellent dataset for genomewide association analysis, because there was high replication and large variation in the recorded traits. These characteristics often increase the power of association mapping to detect genomic regions linked to trait variation. Furthermore, the recorded phenotypes exhibited a normal distribution, which satisfies a critical assumption of association mapping, and some phenotypes correlated with each other. Quality phenotypic data were collected across 493 maize inbred lines for per cent ash (ASH_P), kernel density (DEN_N), dry grind ethanol produced after 24, 48 and 72 h fermentation (i.e. DG24P), grain moisture, percentages of oil, protein, starch and crude fibre.
High-throughput sequence analysis of the transcriptome (mRNA-Seq) for approximately 380 of these lines was used for single nucleotide polymorphism (SNP) discovery. SNP tagging analysis was performed to create a set of non-redundant SNPs for downstream genetic diversity and association analysis. Often, nearby SNPs are inherited together leading to high correlations of alleles among nearby SNPs, so one SNP was selected to represent a group of SNPs in high linkage disequilibrium, at a correlation R 2 threshold of 80%. A minor allele frequency (MAF) filter at 0.01 was also performed, to avoid misleading results due to small sample sizes resulting from rare alleles. The 0.01 threshold was chosen to select SNPs whose rare allele occurred in at least four lines in the panel. After these filters, approximately 140 000 SNPs were retained. The tagged SNP dataset was then used to create a pairwise kinship matrix using a simple proportion of identical homozygous genotypes. This matrix quantifies the degree of relationship of the panel lines in a pairwise manner and was used to control for population structure in association mapping.
Associations between SNPs and phenotypes were detected using Tassel 4.0 [45] . The best linear unbiased predictor (BLUP) values for the 10 traits, the kinship matrix based on the tagged SNP dataset and the tagged SNP genotype dataset were used as input files for the association mapping using the Mixed Linear Models approach implemented in Tassel 4.0 [45] .
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The Manhattan plot in figure 1 shows the results across the 10 chromosomes of maize. Although a negative log P (NegLogP) . 3 is significant, a more stringent threshold was set at NegLogP . 6 to identify 22 genes of interest (table 1) that qualify as leads for further analysis.
Gene regulatory network analysis
Gene regulatory network analysis seeks to identify relationships between components of complex datasets. In this case, mRNA profiling data were used to find key regulators of C 4 metabolism. Network inference algorithms were used to generate C 4 photosynthesis leads based on hypotheses in the form element X regulates element Y under W conditions. A number of gene regulatory relationships were established using gene expression data. The algorithms came from the dialogue for reverse engineering assessments and methods (DREAM) challenge. This systems biology approach has been used to identify important master regulators of high-grade gliomas [46] , characterize carbon and nitrogen gene regulation in Arabidopsis [47] and identify Staphylococcus aureus transcription factors involved in pathogenesis [48] . However, no single algorithm can accurately infer all network motifs, and some algorithms are complementary [48] . As such, several algorithms were reviewed and combined to analyse and evaluate gene regulation of the C 4 photosynthesis network.
First, microarray data from four studies representing 216 maize leaf samples were used to develop a network. Data were generated as previously described [49] . To ensure robustness, samples below a predetermined quality score were removed, ambiguously labelled probe sets were excluded and remaining probe sets were filtered based on negative controls. A total of 16 179 genes were measured. The algorithms incorporated into the analysis included TIGRESS [50] , C3NET [51] , Pearson correlation [40] and GENIE3 [52] . The default parameters of each algorithm were used to predict gene interactions. A consensus network was then created from the networks generated by each method as described in Marbach et al. [48] .
A second dataset was created by focusing on genes annotated as transcription factors. Transcription factors are good candidates for control points and master regulators of plant metabolism due to their regulatory role, controlling the expression of metabolic genes. A set of maize transcription factors was identified from three sources: Grassius [53] , PlantTFDB [54] and Gene Ontology [55, 56] . Master regulators were then determined from this set based on the connections of the transcription factors with C 4 pathway genes in the consensus network via Fisher's Exact Test [46] . These master regulators were predicted to significantly control C 4 photosynthesis. Core C 4 genes formed the basis of the analysis. The master regulator method defines a statistically significant relationship between gene interactions. It identifies transcription factors predicted to regulate several genes in the network and identifies genes that are potential lead candidates.
Independently each gene network method produces many false positives and these false positives carry through into the consensus network. Thus, a final filtering step was performed to create a focused list of genes for further investigation. A number of multiple linear regression models that predicted the combination of connected genes that can predict the expression of the genes involved in the C 4 network were tested. Only the models with the smallest standard error were retained. This final set then formed the final gene network. Not all master regulators survived this final filtering step. There was overlap with the GWAS results, the master regulator analysis and multiple linear regression models which identified the genes in table 2 as putative regulators of C 4 metabolism.
Mathematical modelling of C 4 photoassimilation
Mathematical models can be powerful tools to identify control points in a metabolic network. A mathematical model of C 4 rstb.royalsocietypublishing.org Phil. Trans. R. Soc. B 372: 20160377 photoassimilation [30] was used as the basis for analysing the contribution of each enzyme (or network component) to photoassimilation. An in silico transformation algorithm was developed to interrogate the network for control points that might increase photoassimilation if enzyme activity were increased. Given the thousands of possible gene combinations, a molecular genetic or empirical approach to this problem is intractable. Model interrogation was used to narrow the solutions to those most likely to have a positive impact. It also revealed the theoretical maximum improvement that might be achievable. Upregulation at each enzyme step was examined alone and in combination with other steps. First, a systematic analysis identified 1, 2, 3 and 4 component combinations that increased assimilation by a minimum of 5%. This narrowed the solutions an order of magnitude from thousands to hundreds. Next, the sensitivity of photoassimilation to the model's predicted level Table 1 . Leads identified by GWAS analysis of maize dry grind ethanol traits. The chromosome location of each lead is based on the maize V2 genome. The traits are described in electronic supplementary material, of upregulation was examined. This was necessary because genetic engineering is not an exact science. It is impossible to predict exactly how a trait gene will function once stably integrated into the host genome. Furthermore, the most viable solutions involve three and four genes which will likely influence trait behaviour in ways that have not been explored in much detail. This further reduced the solutions to tens. Finally, the frequency a particular enzyme appeared in a solution was tabulated. Table 3 shows that NADP-ME topped the list followed by phosphoenolpyruvate carboxylase, fructose-bisphosphate aldolase and NADP-malate dehydrogenase. There were no single or double enzyme combinations that met established performance criteria to improve photoassimilation by at least 5%. This suggests shared control of overall network flux. It is notable that no further improvement was predicted when more than four enzymes were manipulated. Some steps such as ribulose-bisphosphate carboxylation were not examined because perturbation at that step is not accessible to current genetic engineering technology. Ribulosebis-phosphate carboxylase/oxygenase (Rubisco), the enzyme that catalyses this step, is a heterooctamer consisting of a large subunit encoded in the plastid genome and a small subunit encoded by a three-member gene family in the nuclear genome. Since the holoenzyme has subunits from both nuclear and chloroplast compartments, there is no simple way to upregulate its expression. Electronic supplementary material, table S2 shows that the top three-gene solutions are predicted to improve photoassimilation by just over 11%, and electronic supplementary material, table S3 shows the top four-gene solutions are predicted to produce just over 13% improvement.
Prioritizing computational leads for trait development
The computational approaches listed above provide compelling evidence implicating new genes as control points in C 4 carbon assimilation. However, several additional steps are required to translate gene leads derived from computational approaches into targets for transgenic genetic modification. First, computational discovery methodology relies heavily on maize genome annotation which remains relatively incomplete relative to model plants. While robust leads are often identified by more than one approach, many of the leads presented here are often genes that have not been previously investigated. Additional evidence helps to build confidence in a lead and prioritize it for further investigation. Once identified, each lead was analysed using a variety of tools and resources. For example, internal databases show if a lead is associated with yield quantitative trait loci or other genetic characteristics that might be of interest. A lead's expression pattern can inform on its role in photoassimilation as well as other biological processes. These data can also be used to determine if a lead responds to environmental signals such as temperature, water availability or nitrogen. The protein-coding sequence may reveal functional information that can inform on the mechanism by which the lead influences photoassimilation. It is also useful to know if a lead has been subject to transgenic experiments or if genetic mutants at that locus have been characterized. In some cases, a lead's orthologue in another species has been studied in detail, and can reveal a specific functional role. Taken together, a rich body of information can be applied that formulates a compelling hypothesis and is supported by the available evidence consistent with trait development objectives. While most of the strategy focus is aimed at GM technology as a solution for increased photosynthetic efficiency, leads identified by computational methods can also be evaluated as markers for targeted breeding. This provides an alternative to GM technology products which are challenging and costly to commercialize due to the rigorous health and safety assessments required for registration. Of course, a breeding approach is limited to current genetic variation and does not take advantage of the broader genetic manipulations possible through GM technology.
Concluding remarks
Genetic modifications through biotechnology are powerful crop improvement tools. However, GM has been less successful with respect to improving intrinsic plant processes important to plant performance traits, such as photosynthesis. Table 3 . Enzymes most often found as leads in mathematical modelling solutions that are predicted to increase photoassimilation by at least 5%. The enzyme information is from the BRENDA database (http://www.brenda-enzymes.org/).
The enzymes are ranked based on the number of times they occur in a mathematical modelling solution. Four different scenarios are represented. Theory suggests that enhancing C 4 carbon assimilation is one way to improve crop productivity. Much is known about the C 4 process, and recent work suggests there is much more to learn. Maize genomics has greatly expanded trait development opportunities. To take advantage of this, we developed computational tools to scan the genome for high-quality trait development leads. This represents the next wave in lead discovery and will pave the way to new high-performing crops to meet the needs of a growing global population.
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